Purpose-In a large-scale radiological emergency, estimates of exposure doses and radiation injury would be required for individuals without physical dosimeters. Current methods are inadequate for the task, so we are developing gene expression profiles for radiation biodosimetry. This approach could provide both an estimate of physical radiation dose and an indication of the extent of individual injury or future risk.
Introduction
In a climate of increasing concern about the possibility of a terrorist attack using radiological or nuclear devices, the Office of Science and Technology Policy and the Homeland Security Council established an interagency working group to assess and prioritize needs for a response to such a threat. The establishment of new biomarkers and approaches to biodosimetry was identified as a high-priority need (1) . Even a relatively small radiological dispersal device (a so-called "dirty bomb") set off in a large city could have the potential to cause worry and panic to tens or hundreds of thousands of people. An improvised nuclear device, on the other hand, would additionally result in a major health emergency, both in terms of immediate injury and later risks of cancer and other diseases. In the absence of physical dosimeters, such an event would require a rapid means to assess radiation exposure using biological markers, both to reassure the "worried well," and to assign those with significant exposure to appropriate medical care, ideally within the first 2-3 days. Biological dosimetry is expected to become increasingly important as ongoing research initiatives result in availibility of new mitigating agents and other treatments for radiation exposure (2) . Although early administration of such countermeasures is desired in order to provide the best effect, risks of associated toxicities will likely counterindicate administration to entire populations in the absence of exposure information. Biologically based measurements could also be of value in follow-up epidemeological studies, where they could be correlated to individual disease outcomes and variations in radiation response.
While the dicentric assay is the reigning gold-standard for radiation biodosimetry, without automation it is not feasible to implement on the scale that would be necessary in a mass casualty situation (3, 4) . Even with full automation, scoring dicentrics requires stimulation of cell division, thus requiring a minimum of about three days before results could be available. Since gene expression does not require cell division, Lab-on-a-chip approaches to analysis (5) could provide results in the field within several hours of drawing blood.
We have previously suggested the development of gene expression profiles in peripheral blood lymphocytes (PBL) as an alternate approach to radiation biodosimetry (6) (7) (8) . Exposure of human cells to environmental stresses, including ionizing radiation, is known to activate multiple signal transduction pathways, and rapidly results in complex patterns of gene expression change. Both basal gene expression patterns (9) and responses to radiation (10) have been correlated to radiation sensitivity in cell lines. Expression of specific genes can be both dose-and stress-dependent (11) , and altered gene expression may persist for many days after exposure (12) , providing an opportunity for dosimetric assessment. Circulating lymphocytes are both sensitive to early radiation injury and highly responsive in terms of induced gene expression changes (6, 8, 13) . As they are also relatively easily biopsied, unstimulated PBL provide an ideal model for development of a gene expression biodosimeter for radiation exposure. Along with the coordinated development of rapid automated gene expression assays, such as a self-contained "lab-on-a-chip" device, this approach could provide an attractive high-throughput alternative to current biodosimetry assays.
In our initial studies, we ex vivo irradiated PBL separated from whole blood, and used microarray analysis to identify 55 radiation responsive genes 24 hours after irradiation. We also demonstrated a linear dose-response for induction of genes including DDB2, CDKN1A and XPC between 0.2 and 2 Gy at both 24 and 48 hours after irradiation of quiescent lymphocytes (6) . These radiation responses were not enhanced in cells stimulated to divide by phytohemagglutinin. Similar patterns of gene response occurred in vivo in patients undergoing total body irradiation (8), along with some additional pathways that did not appear to respond in the ex vivo studies. Subsequent studies using microarray (14, 15) or real-time PCR (16, 17) approaches continue to develop the concept of gene expression in PBL for radiation biodosimetry.
In the present study, we have used whole genome microarrays to systematically identify genes potentially useful for biodosimetry through a broader dose range that would be relevant for radiological triage. This gene expression signature was then used to build a Nearest Centroid classifier that correctly predicted exposure range in 98% of the samples. Quiescent whole blood was irradiated ex vivo, and RNA was profiled at 6 and 24 hours after exposure, representing a window of time that would be practical for medical decision-making in a mass-casualty situation. In order to best discriminate between un-irradiated and irradiated samples, and between different doses, we have employed the Agilent one-color hybridization approach that avoids analysis of individual ratios of gene response, but which has been shown to yield equivalent quality data to the two-color ratio technique (18) . This approach enables direct comparison of variability among un-irradiated individuals, as well as providing radiation profiles independent of pre-exposure controls. It contrasts with the majority of studies of gene expression response to radiation, which have tended to examine ratios of expression in irradiated samples compared to unirradiated controls. This is a critical consideration in developing biodosimetry, as individual pre-exposure baselines would not be available for comparison in a situation where mass radiological triage was needed.
Methods and Materials

Irradiation and culture
Peripheral blood from healthy volunteers was obtained with informed consent from all subjects and was drawn into 0.105 M sodium citrate vacutainer tubes (Becton Dickinson and Company, Franklin Lakes, NJ). A total of 5 male and 5 female donors with ages ranging from 20 to 53 years (median age 36) participated in the study. The blood was divided into 3 ml aliquots and exposed at a rate of 0.82 Gy per minute to 0, 0.5, 2, 5 or 8 Gy γ-rays using a Gammacell-40 137 Cs irradiator (AECL, Ontario, Canada). After irradiation, blood samples were diluted 1:1 with RPMI 1640 medium (Mediatech Inc., Herndon, VA) supplemented with 10% heat-inactivated fetal bovine serum (HyClone, Logan, UT) as described (19) and were incubated for 6 (2 male and 3 female donors) or 24 (3 male and 2 female donors) hours at 37°C in a humidified incubator with 5% CO 2 . All experiments involving human subjects were approved by the Columbia University Medical Center Institutional Review Board IRB #3, and were conducted according to the principles expressed in the Declaration of Helsinki.
Purification of RNA
RNA was prepared using the Versagene™ Blood RNA Purification kit (Gentra Systems, Minneapolis, MN) following the manufacturer's recommendations. This protocol differentially lyses red and white blood cells in whole blood. The red blood cells are lysed first and the nucleic acids released are washed away prior to lysis of the white blood cells for purification of RNA and on-column DNase treatment. This procedure depletes globin mRNA, but relatively high levels were still detected by semi-quantitative RT-PCR with β-globin specific primers (data not shown). As high amounts of globin message may affect detection of gene expression signatures derived from whole blood (20) , globin mRNA was further reduced using GLOBINclear™ (Ambion Inc., Austin, TX) to specifically remove both α-and β-globin. RNA was quantified using a NanoDrop-1000 spectrophotometer and quality was monitored with the Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA). All RNA samples had RNA integrity numbers (21) between 7 and 10 (mean 8.3), 28S/18S ratios 0.6-2.5 (mean 1.3) and 260/280 absorbance ratios of 2.0-2.2 (mean 2.07).
Quantitative Real-Time PCR 500 ng total RNA was reverse transcribed to cDNA using the High-Capacity cDNA Archive Kit (Applied Biosystems, Foster City, CA) according to the manufacturer's instructions. Genespecific primers and probes (Supplemental Table 1 ) were designed with the aid of Applied Biosystems' Primer Express® software and GeneScript Corporation's online TaqMan Primer Design software, sequences for CDKN1A were the same as used previously (8) . Probes were synthesized by Operon Biotech, Inc. (Huntsville, AL) with 6-carboxyfluorescein (FAM) at the 5′ end and BHQ1quencer at the 3′ end. Standard curves were generated to optimize the amount of input cDNA for measurement of each gene (5 or 10 ng). Real-time PCR reactions were performed with the ABI 7300 Real Time PCR System using Universal PCR Master Mix from ABI and following manufacturer's recommendations. All samples were run in duplicate and repeated a second time on a different day for each gene. Relative fold-inductions were calculated by the ΔΔC T method as previously used (8) with averaged relative levels of ACTB and GAPDH used for normalization.
Microarray Hybridization and Data Extraction
Cyanine-3 (Cy3) labeled cRNA was prepared from 0.5 μg RNA using the One-Color Low RNA Input Linear Amplification PLUS kit (Agilent) according to the manufacturer's instructions, followed by RNAeasy column purification (QIAGEN, Valencia, CA). Dye incorporation and cRNA yield were checked with the NanoDrop ND-1000 Spectrophotometer. 1.5 μg of cRNA with incorporation of >10 pmol Cy3 per μg cRNA was fragmented and hybridized to Agilent Whole Human Genome Oligo Microarrays (G4112A) using the Gene Expression Hybridization Kit as recommended by Agilent. After hybridization with rotation for 17 hours at 65°C, microarrays were washed 1 minute at room temperature with GE Wash Buffer 1 (Agilent) and 1 minute with 37°C GE Wash buffer 2 (Agilent). Slides were scanned immediately using the Agilent DNA Microarray Scanner (G2404B). The images were analyzed with Feature Extraction Software 9.1 (Agilent) using default parameters for background correction, and flagging of non-uniform features.
Analyses in BRB ArrayTools
Background corrected hybridization intensities were imported into BRB-ArrayTools, Version 3.5 (22) log2-transformed and median normalized. Non-uniform outliers or features not significantly above background intensity in 25% or more of the hybridizations were filtered out, leaving 21939 features. A further filter requiring a minimum 1.5-fold change in at least 10% of the hybridizations was then applied yielding a final set of 17313 features that were used in subsequent analyses. The microarray data is available through the GEO database using accession number GSE8917.
Class comparisons were conducted using BRB-ArrayTools to identify genes that were differentially expressed between the five radiation doses using a random-variance F-test, an improvement over the standard F-test that permits sharing information among genes about within-class variation without assuming that all genes have the same variance (23) . The test compares the differences in mean log-intensities between classes relative to the expected variation in mean differences computed from the independent samples. Genes with p-values less than 0.001 were considered statistically significant. The false discovery rate (FDR) was also estimated for each gene using the method of Benjamini and Hochberg (24) , to control for false positives. Data was analyzed for the two times separately, and again for all data together without consideration of the time variable.
Multidimensional scaling (MDS) was performed in BRB-ArrayTools in order to create a low dimensional graphical representation of the high-dimensional data comprising the identified gene expression signature. The Euclidian distance metric was used to compute a distance matrix and the principal components of the gene expression signature. The first three principal components were used as axes to generate a plot. A global test for clustering based on the first three principal components was used to test the null hypothesis that all the expression profiles were drawn from a single multivariate Gaussian distribution (one cluster). The distribution of nearest neighbor distances for the actual data were compared with Gaussian distributions of nearest neighbor distances generated by 10,000 random permutations of the data (25) .
Class Prediction by the Nearest Centroid method was performed in BRB-ArrayTools using log-intensity values median-centered by gene. The centroid of a class (all samples of a given dose) is a vector containing the means of log-intensities of all samples in the class. The centroid vectors have a component for each gene in the signature. Centroids for each class are determined, and the distance of the expression profile for each test sample to the centroid of each class is measured. Each sample is then predicted to belong to the class corresponding to the nearest centroid. Leave-one-out cross-validation was performed, in which one sample is omitted from the model, and its class is predicted based on proximity to the centroids of the other samples. The process is repeated independently for each sample. The sensitivity of prediction for each class (N) was calculated as (number of Class N samples predicted to belong to Class N)/(total number of class N samples). Specificity was calculated as (number of non-N samples predicted as non-N)/(total number of non-N samples). Permutation p-values were also calculated for the cross-validated misclassification error rate by randomly permutating the class labels for all samples, and repeating the entire cross-validation process. The p-values represent the proportion of 10,000 random permutations that produced a cross-validated misclassification rate as low as that obtained with the actual class labels.
Results
Reproducibility of RNA expression responses
In our initial study of radiation-induced gene expression in human lymphocytes, we monitored responses of several genes up to 72 hours after exposure to doses between 0.1 and 2 Gy γ-rays (6) . In that study we separated the mononuclear cells and irradiated them in culture medium rather than irradiating freshly drawn whole blood as in the present study. Expression of individual genes was also determined using a serial dilution quantitative hybridization technique rather than by quantitative real-time PCR (qRT-PCR), which was used in the present study. We used one of the genes from our initial study, CDKN1A, to compare the two experimental approaches. At the two doses common to both sets of experiments, the two approaches yielded nearly identical CDKN1A expression ratios at both six and 24 hours after exposure (Fig. 1) . It should also be noted that the two experiments, performed seven years apart, represent different donors from different populations. This evidence that gene expression responses to ionizing radiation are relatively robust both to changes in experimental protocols and across donors suggests that gene expression signatures are likely to be translatable from discovery platforms to developing "fieldable" assay platforms more suitable for practical biodosimetry or clinical testing.
Microarray Experiments
Global gene expression in human blood was measured at six and 24 hours after exposure to doses of 0, 0.5, 2, 5 and 8 Gy γ-rays. Five independent experiments were performed at each time using different donors for each experiment and time-point. Agilent whole genome microarrays were hybridized using the Agilent one-color workflow in order to identify genes that could distinguish radiation dose from individual samples without the use of pre-exposure control ratios. This aspect of the analysis is very important for ultimate translation to a radiation triage situation, where pre-exposure controls for each individual would not be available. Filtering for quality and minimum change gave a set of 17313 features that were used in subsequent analyses.
Genes distinguishing between radiation doses
We first used the Class Comparison feature of BRB-ArrayTools to identify genes with different expression levels after exposure to the five doses of radiation when measured at 6 hours after treatment. In order to compare gene expression between more than two groups, the comparison was based on an F-test rather than the t-test commonly used for comparison of two groups. Six hours after irradiation, 339 genes were found to be differentially expressed (p<0.001) at the five dose levels (Supplemental Table 2 . Of these genes, 338 had a FDR <5%. At 24 hours after irradiation, 139 genes were identified as differentially expressed (p<0.001), 101 of which had a FDR <5% (Supplemental Table 3 ). The intersection of the six-and 24-hour gene sets yielded 76 sequences representing 69 unique genes that responded significantly at both times (Table  1 and Fig. 2 ).
Since a substantial number of genes were common between the two times assayed, we next performed a class comparison of the five doses pooling all the data from the two times. This analysis identified 233 differentially expressed genes (p<0.001), with 201 genes at FDR <5% (Supplemental Table 4 ). Of the 76 sequences distinguishing dose in both the 6 and 24 hours post treatment data sets when the two times were analyzed separately, 74 (97%) were also found in the 201 gene set distinguishing dose across all samples in the pooled data irrespective of time (Table 1) . Multidimensional scaling (MDS) was used to visualize the similarities between gene expression levels of this 74-gene consensus signature for all samples (Fig. 3) . MDS is a visualization tool that allows graphical representation of high-dimensional data in two or three dimensions, while preserving all pair-wise similarities between samples. The first three principal components of the gene expression data are used as axes and a plot is created where each sample is represented by a single point, and the distance between any two points reflects the overall similarity of the expression levels of all 74 genes in the signature. Clustering by dose was significant (p<0.0001; global test for clustering (25) ), indicating a low probability that all samples came from a single homogeneous cluster.
Prediction of radiation dose to individual samples
We next tested the ability of the 74-gene signature to predict the exposure dose of individual samples. Expression information for the 74 genes was used to build a Nearest Centroid Classifier with leave-one-out cross validation. The permutation p-value of the cross-validated misclassification error rate was p<0.0001. Using all five dose categories, we obtained 78% correct classification, with five 5 Gy and five 8 Gy samples incorrectly predicted to belong respectively to the 8 Gy and 5 Gy classes. One 2 Gy sample was also predicted to have received 5 Gy. Thus, the worst performance of the classifier was in distinguishing between 5 and 8 Gy samples, consistent with the visual representation of the data in Fig. 3 . Since classification into four dose ranges would still be valuable for medical treatment, we next built a Nearest Centroid Classifier using leave-one-out cross validation to predict samples as belonging to the unexposed, 0.5 Gy, 2 Gy or 5-8 Gy categories. 98% of the samples were now classified correctly (p<0.0001), with one false positive in the highest dose category. The sensitivity and specificity of these classifiers are summarized in Table 2 .
Dose responses of individual genes
To confirm the microarray results, we measured the radiation dose-response of five genes (CDKN1A, FDXR, SESN1, BBC3 and PHPT1) from the gene set in Fig. 2 . qRT-PCR was performed on all samples and plotted as average response ratios (Fig. 4) . There was no significant difference between radiation responses of PBL from male or female donors for any of the genes tested (0.54≤p≤0.95). All genes tested responded with the same general pattern as that seen on the microarrays, showing increasing expression with increasing dose, but decreased slope of the dose-response curve above 2 Gy. This flattening dose-response curve is consistent with our previous observation of flattening of the CDKN1A radiation doseresponse at around 2.5 Gy in a human myeloid cell line (26) . The observed non-linearity of gene expression responses is also consistent with the lessening of separation between doses at the high end of the range seen by MDS (Fig. 3) , and the relatively poor performance of the classifier in distinguishing between 5 and 8 Gy (Table 2 ).
Discussion
The ability of a single set of genes to predict radiation dose at both six and 24 hours after exposure without the need for a pre-exposure sample is an important advance for gene expression biodosimetry. It suggests that gene expression signatures are likely to be informative across a range of doses and throughout a window of time, so that separate signatures for very narrow time or dose intervals should not be needed. A striking doseresponse trend that is consistent at both times is also evident when expression of our 74-gene set is visualized by MDS (Fig. 3) . The separation by exposure dose is clearest between the lower doses, with some overlap evident between the highest doses of 5 and 8 Gy. Although prediction of 5 versus 8 Gy samples was relatively poor, the 74-gene signature was able to predict exposure in the 5 to 8 Gy range for 100% of the samples, with only one false positive prediction of a 2 Gy sample. Indication of exposure in the 5-8 Gy range would call for rapid medical intervention and further testing. As doses rise above this range, any biodosimetric method based on lymphocytes, including the gold-standard cytogenetic methods, will be of decreasing utility, since lymphocytes will be rapidly lost from circulation. Prediction of unexposed samples and the lower exposure doses was also very good, with only one false classification of a 2 Gy sample, as mentioned above.
An effect of time since irradiation is also evident in the 74-gene signature (Fig. 3) . At least some of this difference may be due to time in culture, however, as a similar separation between time points is seen at all doses, including the un-irradiated controls. Effects of time in culture on some individual genes can also be seen among the control samples in the Fig. 2 heat map. In a previous study of long-term primary human lymphocyte cultures assayed between 7 and 55 days, substantial gene expression responses were also attributable to time in culture (12) . The combined effects of time in culture, time since exposure, and inter-individual variation do not prevent the classification of samples by dose, however.
We compared our current findings with our previous analysis of in vivo irradiation in patients undergoing total body irradiation (TBI) prior to transplant (8) . Due to the requirements for much larger amounts of RNA for microarray analysis at the time of that study, only one of eight TBI patients could be assayed by microarray. The majority of the genes in our current 74 gene radiation profile set were not represented on that earlier microarray, but of the 20 that were, 8 (40%) were responsive to in vivo irradiation (Table 1) . In a more recent whole genome study using TBI patients, Dressman et al. (15) reported 18 human genes that predicted radiation exposure, 13 of which (72%) were also included in our 74-gene consensus set ( Table 1 ). The same study also reported a larger set of genes defining exposure to individual doses in mice irradiated in vivo. We identified human homologs of 106 of these genes, but only four were present in our 74-gene human consensus set. As the mouse genes were only measured at six hours post-irradiation, we also compared them against our set of 338 genes distinguishing all doses at six hours after exposure, finding eight genes in common. This low correspondence between mouse and human responses reflects major differences between in vivo radiation gene expression responses in mice and humans also reported by Dressman et al. (15) .
Our finding of a large set of genes with dosimetric potential across the whole range of doses studied contrasts with the findings of Dressman et al. (15) , who did not reported pronounced continuous dose-response patterns among the genes responding in mice. In fact, the majority of the genes in their profiles were informative only for a single dose, with many either responding only at one dose, or showing increased expression at one dose and decreased expression at another. This more complex dose-response behavior may be specific to mice, or may result from the additional interplay of signaling in vivo, and practical application will require determination of the precise range of doses and times where a human signature is informative. If our more broadly informative signatures can be translated to the human in vivo situation, the approach may prove even more useful for emergency radiological triage than signatures derived from mice would predict.
Examination of our 74-gene consensus set reveals a strong contribution of the TP53 response to the overall potential dosimetric signature, with more than a third of the unique genes (24/67) having previous reports of regulation by TP53 (Table 1) . The proportionately large contribution of TP53 response genes is consistent with the results of Dressman et al., where 50% (9/18) of genes identified as radiation responsive in the TBI patients were also known TP53-regulated genes. This apparent dominance of the TP53 pathway in regulating the most robustly radiation responsive genes is a common finding of radiation gene expression studies in many model systems from cancer cell lines (27) to human peripheral blood (8) and lymphocyte subpopulations (13, 28) . Activation of TP53 is a common general response to many kinds of stress, but it can still produce agent-specific gene expression profiles (11, 29) . Nonetheless, the dominance of this common stress pathway in our radiation signatures underscores the need to determine the specificity of potential biomarkers before they can be usefully employed for biodosimetry.
Inter-individual variation is another important concern for the development of gene expression biomarkers. Within our set of ten donors, variations by radiation exposure dose were greater than the variations in expression between donors, allowing relatively accurate classification of samples by dose. A recent study of radiation induced gene expression in human PBL using real-time PCR reported minimal variance of baseline expression and consistent radiation responses of five genes among 20 healthy donors (17) . Four of the five genes in that study were also in our 74-gene signature. The same study also concluded that responses of multiple genes, or ratios of responses, such as the BAX:BCL2 expression ratio, were likely to provide better biodosimetry and be more robust to variation than single genes. This supports the likely usefulness of radiation dose prediction based on gene expression profiles.
Although further studies of inter-individual variation in larger populations including a broad range of ages, co-morbidities, ethnicities and lifestyles are still needed, the use of genomic responses also opens the possibility of exploiting specific inter-individual variation to make personal injury assessments integrating the sensitivity of an individual with information about the physical radiation dose. Such information would have additional value in long-term epidemiological studies following any large-scale radiological event. The study of potential correlations between gene expression and specific radiation injury or long-term outcomes like carcinogenesis should be a high priority in future studies, as such information would be useful not only in the event of a radiological incident, but also in clinical radiation oncology.
Gene expression signatures are looking increasingly attractive as potential biodosimeters for radiation exposure. However, further validation in terms of in vivo responses in cancer patients and animal models (including non-human primates), inter-individual variability and radiation specificity of the signatures is still needed. Other future areas for investigation also include the study of gene expression responses to partial body irradiation (30) , responses to internal emitters, and the effects of age, co-morbidities, combined injuries, low dose-rate exposures, and different radiation qualities.
In order to make gene expression signatures practically useful for mass casualty screening, they will also need to be ported from the laboratory-based microarray platforms currently used for discovery and research to more high-throughput forward-deployable platforms. Approaches have been suggested based on qRT-PCR (16), or on nanotechnology "lab-on-achip" designs (5). We are collaborating in the development of inexpensive self-contained cartridges to take a blood sample and automatically perform a chemo-luminescence based gene expression assay. The reduced volumes required in such a miniaturized platform provide the added benefit of dramatically reduced hybridization times, providing a convenient highthroughput assay that could pave the way for many practical applications of gene expression signatures in biodosimetry, biomonitoring, epidemiology and medical diagnostics.
Supplementary Material
Refer to Web version on PubMed Central for supplementary material. Average linkage clustering of genes in the radiation consensus signature. Dose in Gray is shown across the top. Genes used for qRT-PCR are indicated along the right edge, and annotation of all genes in clustered order is presented in Table 1 . Table 2 Performance of the 74-gene classifier in predicting all five doses for samples assayed six and 24 hours after exposure (upper) or for predicting four dose ranges for the same samples (lower). 
